7 Aging is characterized by a progressive loss of physiological integrity, leading to 8 impaired function and increased vulnerability to death 1 . Despite rapid advances over 9 recent years, many of the molecular and cellular processes which underlie progressive 10 loss of healthy physiology are poorly understood 2 . To gain a better insight into these 11 processes we have created a single cell transcriptomic atlas across the life span of Mus 12 musculus which includes data from 23 tissues and organs. We discovered cell-specific 13
2 annotations performed separately for each tissue were consistent across the entire 47 organism, we clustered all cells using an unbiased, graph-based clustering approach 6,7 48 (Figure 1c ,e) and showed that cell types such as B cells and endothelial cells which are 49 shared across different organs and tissues occupy the same clusters irrespectively of the 50 tissue of origin (Figure 1d ,f). 51 52
Tabula Muris Senis provides a powerful resource with which to explore aging related 53 changes in specific cell types. The entire dataset can be explored interactively at tabula-54 muris-senis.ds.czbiohub.org. Gene counts and metadata are available from figshare 55 (https://figshare.com/projects/Tabula_Muris_Senis/64982) and GEO (GSE132042), the 56 code used for the analysis is available from GitHub (https://github.com/czbiohub/tabula-57 muris-senis) and the raw data are available from AWS Public Datasets 58
(https://s3.console.aws.amazon.com/s3/buckets/czb-tabula-muris-senis/). An important 59
use of the single cell data is to resolve whether gene expression changes observed in bulk 60
experiments are due to changes in gene expression in each cell of the population, or 61
whether the gene expression in each cell stays constant but the number of cells of that 62 type changes, or both. In a global analysis of gene expression changes using the Tabula 63
Muris Senis and bulk RNAseq from tissues 8 , we observed that in many cases changes in 64 gene expression are due to both changes in the numbers of cells in a population and to 65 changes in the gene expression levels in each cell (Extended Data Figure 3 ). As a 66 specific example of this approach, we investigated how the expression of Cdkn2a 67 changes with age. As Cdkn2a/p16 is one of the most commonly used markers of 68 senescence 9 and an important hallmark of aging 10 , we computed the fraction of cells 69 expressing Cdkn2a at each age. The fraction of cells expressing the gene more than 70 doubled in older animals in both FACS (Figure 2a ) and droplet (Figure 2b) , accompanied 71 by a 2-fold increase in the actual expression level of p16 by those cells that did express it 72 (Figure 2c,d) . 73 74
As another example of how the dataset can be used, we investigated how the cellular 75 composition of each tissue changes with age by evaluating how the relative cell type 76
proportions within a tissue change with age ( Supplementary Table 3 ). The overall cell 77 composition for all tissues is in Extended Data Figure 4 . When interpreting 78 compositional data, one must bear in mind that dissociation does not affect all of the cell 79 types in a tissue equally, so changes in the relative composition of a given cell type with 80 age are more meaningful than trying to compare proportions of different cell types at a 81 single age [11] [12] [13] . Nonetheless, the changes in relative proportion of cell types provide 82 important information on the effects of aging in a variety of tissues. 83 84
The bladder has pronounced changes in cell type composition with age (Figure 2e ). 85 While the mesenchymal compartment of this tissue decreases by a factor of three over the 86 lifetime of the mouse (Figure 2e left), the urothelial compartment increases by a similar 87 amount (Figure 2e right) . The observation that the bladder urothelial cells increase with 88 age is concordant with known age-related urothelial changes 14 . Differential gene 89 expression analysis of overall tissue changes with age revealed that stromal-associated 90 genes (Col1a1, Col1a2, Col3a1, Dcn) are downregulated while epithelial-associated 91 genes (Krt15, Krt18, Sfn) are upregulated, supporting the compositional observations 92 (Figure 2f,g; Supplementary Table 4 ). The decline of the endothelial population suggests 93 that bladder aging in mice may be associated with lower organ vascularization, consistent 94 with recent findings 15, 16 and with the observed downregulation of vasculature associated 95 genes Htra1 and Fos (Figure 2f,g; Supplementary Table 4 ). The increase in the leukocyte 96 population could be indicative of an inflammatory tissue microenvironment, a common 97 hallmark of aging which is consistent with literature on overactive bladders 17 and 98 supported by a significant overexpression of Lgals3, Igfbp2 and Ly6d (Figure 2f ,g; 99 Supplementary Table 4 ). Supplementary Table 4 ) suggest impaired glomerular filtration rate 18, 19 . This 107 finding is reinforced by the differential gene expression results indicating that 108 uromodulin (Umod), the most abundant protein in urine 20 , is downregulated. Umod is 109 produced by the epithelial cells that line the thick ascending limb, and therefore given the 110 relative decrease in the proportion of epithelial cells in the ascending and thick ascending 111 limb, our results suggest that normal kidney functions are impaired 21 (Figure 2h bottom  112 panels, Figure 2i ,j; Supplementary Table 4 ). 113 114
The liver is yet another tissue for which we observed changed tissue compositions with 115 age, namely that the relative amount of hepatocytes decreases with age (Extended Data 116 Figure 5a ), which is supported by the reduction in the expression of albumin (Alb;  117 Extended Data Figure 5b,c; Supplementary Table 4 ). Differential gene expression 118
showed an increased immune signature, as illustrated by overexpression of H2-Aa, H2-119
Ab1, H2-D1, H2-Eb1, Cd74, Lyz2 and others. Previous findings suggested that pro-120 inflammatory macrophages drive cellular senescence and identified Il1b as a gene whose 121 liver expression was remarkably different with age 22 . We stained liver Kupffer cells 122 (Extended Data Figure 5d ) with Clec4f (canonical Kupffer cell marker) and found the 123 number of Clec4f+ cells do not change with age, consistent with the results of the tissue 124 composition analysis ( Supplementary Table 5 ; Extended Data Figure 5e ). However, when 125 co-staining with Il1b, we found an increase with age in the number of cells expressing 126
Clec4f and Il1b (Extended Data Figure 5f ,g In the case of spleen our results show that with age the proportion of T cells decreases 143
while the relative amount of plasma cells increases (Figure 2k ). This is supported by 144 upregulation of B cell/plasma cell markers (Cd79a, Igj; Figure 2l ,m; Supplementary 145 Table 4 ) and downregulation of Cd3d (Figure 2m ; Supplementary Table 4 ). Similarly, in 146 mammary gland we also observed a significant decline of the T cell population (Extended 147
Data Figure 6a ). Age-related decline of T cell populations has been associated with an 148 increased risk of infectious disease and cancer 26 and our results suggest that this may also 149 happen in the spleen and mammary gland. We found that members of the AP1 150 transcription factors 27 (Junb, Jund and Fos) were upregulated with age (Extended Data 151 Figure 6b ,c; Supplementary Table 4 ); this result is consistent with the observation that 152 normal involution of the mammary gland is accompanied by significantly increased 153 expression of many of these AP1-related transcription factors 28 . 154 155
Genomic instability is among the most widely studied aging hallmarks 1 and the full-156 length transcript data from the FACS data allows the analysis of somatic mutation 157 accumulation with age. We used the Genome Analysis ToolKit (GATK) 29 to perform 158 SNP discovery across all FACS samples simultaneously ( Supplementary Table 6 ), using 159 GATK Best Practices recommendations 30,31 . We focused on genes expressed in at least 160 75% of cells for each age group within a particular tissue. We observed an age-related 161 increase in the number of mutations across all of the organs we analyzed ( Figure 3 ; 162
Extended Data Figure 7a ,8a,9a), with tongue and bladder being the most affected. Our 163 analysis controls for sequencing coverage and gene expression levels (Figure 7b , 8b, 9b). 164
The number of mutations observed at each age are larger than technical errors due to 165 amplification and sequencing errors, which can be estimated using ERCC controls that 166
were spiked into each well of the microtiter plates 32 (Figure 3 ; Extended Data Figure 7c -167 d, 8c-d, 9c-d). Despite the fact that it is difficult to infer genome-wide mutation rates 168 from the transcriptome, which is known to inflate apparent mutational rates for a variety 169 of reasons 32 , the observed trend is a useful indirect estimate of mutational frequency and 170 genome stability. 171 172
A final hallmark of aging which we investigated was the effect of age-induced changes 173 on the immune system 2 . Analyzing a complete set of tissues from the same individual 174 animal using the full-length transcripts obtained in the FACS data enabled us to analyze 175 clonal relationships between B-cells and T-cells throughout the organism. We 176 computationally reconstructed the sequence of the B-cell receptor (BCR) and T-cell 177 receptor (TCR) for B cells and T cells present in the FACS data using singlecell-ige and 178
TraCeR, respectively 33,34 . BCRs were assembled for 6,050 cells ( Figure 4a ) and TCRs for 179 6,000 cells ( Figure 4b ). The number of cells with assembled BCRs was 1,818 for 3m, 180 1,356 for 18m and 2,876 for 24m old mice. We parsed the singlecell-ige 33 output to 181 define B-cell clonotypes based on the sequence of the assembled BCR (Supplementary  182  Table 7 ; see Extended Methods) and found that while most of the cells at 3m were not 183 part of a clone (9% were part of a clonal family), the number of B-cells belonging to a 184 clonotype doubled at 18m (20%) when compared to 3m and doubled again from 18m to 185 24m (~38%). 186 187
The number of cells with assembled TCRs were roughly equal between 3m, 18m and 188 24m (2,076, 2,056 and 1,868 cells, respectively). Clonotype assignment is part of the 189 output obtained by TraCeR 34 ( Supplementary Table 7 ). Interestingly, only 55 out of 190 1,895 cells at 3m were part of a clone. For 18m, 479 out of 2,056 cells were part of a 191 clone and for 24m, 348 out of 1,780 cells were part of a clone, indicating again an 192 increase in clonality of the T-cell repertoire at later ages. These changes in clonality for 193 both B and T cell repertoires are noteworthy because they suggest that the immune 194 system of a 24m mouse will be less likely to respond to new pathogens, corroborating 195 literature suggesting that older individuals have higher vulnerability to new infections 196 and lower benefits from vacination 35,36 . 197 198 As a final example of how the Tabula Muris Senis can be used to discover how cell types 199 change with age, we computed an overall diversity score to identify which cell types 200
were more susceptible to changes with age (Extended Data Figure 10 ). The diversity 201 score is computed as the Shannon entropy of the cluster assignment and then regressed 202 against age to provide a p-value (see Methods). We observed significant changes in 203 diversity affecting cells of the immune system originating from the brain and in the 204 kidney ( Figure 4c , Extended Data Figure 11a ,b). These results were not confounded by 205 the number of genes expressed per cell (Extended Data Figure 11c ,d). We found that in 206 brain myeloid microglial cells, the majority of young (3m) microglia occupy clusters 1 207 and 6, while old (18m, 24m) microglia constitute the vast majority of cells in clusters 10, 208 12 and 14 ( Figure 4d ). Trajectory analysis suggests that young microglia go through an 209 intermediate state, represented by the clusters mostly occupied by 18m microglial cells 210 before acquiring the signature of old microglia (Extended Data Figure 11e ). Clusters 10, 211 12 and 14 are mainly comprised of 18-and 24-month old microglia. These cells up-212 regulate MHC class I genes (H2-D1, H2-K1, B2m), along with genes associated with 213 degenerative disease (e.g. Fth1) 37,38 . When contrasting with clusters 1 and 6, which 214 contain mostly 3m microglia, clusters 10, 12 and 14 gene expression is enriched with 215 interferon responsive or regulatory genes (e.g. Oasl2, Oas1a, Ifit3, Rtp4, Bst2, Stat1, Irf7, 216
Ifitm3, Usp18, Ifi204, Ifit2), suggesting an expansion of this small pro-inflammatory 217 subset of microglia in the aging brain 39 . Moreover, the list of differentially expressed 218 genes between "young" and "old" clusters resembled the Alzheimer's disease specific 219 microglial signature previously reported 37 , with 55 out of the top 200 differential 220 expressed genes being shared between the two differential gene expression lists ( Figure  221 4e; Supplementary Table 8 ). Regarding kidney macrophages, we found two clusters that 222 remarkably changed their composition with age. Cluster 10 is primarily composed of 223 cells of 1m-and 3-month old mice while cluster 13 is mostly composed of cells of 18-, 224 21-, 24-and 30-month old mice ( Figure 4f ). Differential gene expression revealed that 225 cluster 10 is enriched for an M2-macrophage gene signature (e.g. Il10, H2-Eb1, H2-Ab1, 226
H2-Aa, Cd74, C1qa, Cxcl16, Hexb, Cd81, C1qb, Cd72) while cluster 13 resembles a M1-227 proinflammatory macrophage state 40 (e.g. Hp, Itgal, Spex1, Gngt2) (Extended Data 228 Figure 11f ; Supplementary Table 8 ). 229 230 6 The Tabula Muris Senis is a comprehensive resource for the cell biology community 231 which offers a detailed molecular and cell-type specific portrait of aging. We view such 232 a cell atlas as an essential companion to the genome: the genome provides a blueprint for 233 the organism but does not explain how genes are used in a cell type specific manner or 234
how the usage of genes changes over the lifetime of the organism. The cell atlas provides 235 a deep characterization of phenotype and physiology which can serve as a reference for 236 understanding many aspects of the cell biological changes that mammals undergo during 237 their lifespan. 238 239 supports Figure 4a ,b. 476 477 Supplementary Table 8 . Differential gene expression for the tissue cell type whose 478 diversity significantly changes with age. a, FACS brain myeloid microglia 479 differentially upregulated genes between clusters 10, 12 and 14 versus clusters 1 and 6. b, 480 FACS brain myeloid microglia differentially upregulated genes between clusters 1 and 6 481 versus clusters 10, 12 and 14. c, Droplet kidney macrophage differentially upregulated 482 genes between cluster 13 and cluster 10. d, Droplet kidney macrophage differentially 483 upregulated genes between cluster 10 and cluster 13. e, Alzheimer's disease microglia 484 signature from 37 . This table supports Figure 4d ,e and Extended Data Figure 11f . 485  486  487  488  489  490  491  Methods  492 All data, protocols, analysis scripts and an interactive data browser are publicly available. 493 494 495
Figure Legends
Experimental Procedures 496
Mice and organ collection 497
Male and virgin female C57BL/6JN mice were shipped from the National Institute on 498
Aging colony at Charles River (housed at 67-73 °F) to the Veterinary Medical Unit 499 (VMU; housed at 68-76 °F)) at the VA Palo Alto (VA). At both locations, mice were 500 housed on a 12-h light/dark cycle and provided food and water ad libitum. The diet at 501
Charles River was NIH-31, and Teklad 2918 at the VA VMU. Littermates were not 502 recorded or tracked, and mice were housed at the VA VMU for no longer than 2 weeks 503 before euthanasia, with the exception of mice older than 18 months, which were 504 housed at the VA VMU beginning at 18 months of age. Before tissue collection, mice 505
were placed in sterile collection chambers at 8 am for 15 min to collect fresh fecal 506 pellets. After anaesthetization with 2.5% v/v Avertin, mice were weighed, shaved, and 507 blood was drawn via cardiac puncture before transcardial perfusion with 20 ml PBS. 508
Mesenteric adipose tissue was then immediately collected to avoid exposure to the 509 liver and pancreas perfusate, which negatively affects cell sorting. Isolating viable 510 single cells from both the pancreas and the liver of the same mouse was not possible; 511 therefore, two males and two females were used for each. Whole organs were then 512 dissected in the following order: large intestine, spleen, thymus, trachea, tongue, brain, 513 heart, lung, kidney, gonadal adipose tissue, bladder, diaphragm, limb muscle (tibialis 514 anterior), skin (dorsal), subcutaneous adipose tissue (inguinal pad), mammary glands 515 (fat pads 2, 3 and 4), brown adipose tissue (interscapular pad), aorta and bone marrow 516 (spine and limb bones). Organ collection concluded by 10 am. After single-cell 517 dissociation as described below, cell suspensions were either used for FACS of 518 individual cells into 384-well plates, or for preparation of the microfluidic droplet 519 library. All animal care and procedures were carried out in accordance with 520 institutional guidelines approved by the VA Palo Alto Committee on Animal Research. 521 522
Tissue dissociation and sample preparation 523
All tissues were processed as previously described 5 . 524 525
Sample size, randomization and blinding 526
No sample size choice was performed before the study. Randomization and blinding 527
were not performed: the authors were aware of all data and metadata-related variables 528
during the entire course of the study. 529 530
Single-cell methods 531
All protocols used in this study are described in detail elsewhere 5 . Sequences from the NovaSeq were de-multiplexed using bcl2fastq version 2.19.0.316. 564
Reads were aligned using to the mm10plus genome using STAR version 2.5.2b with 565 parameters TK. Gene counts were produced using HTSEQ version 0.6.1p1 with 566 default parameters, except 'stranded' was set to 'false', and 'mode' was set to 567 'intersection-nonempty'. Sequences from the microfluidic droplet platform were de-568 multiplexed and aligned using CellRanger version 2.0.1, available from 10x Genomics 569 with default parameters. 570 571
Data pre-processing 572
Gene count tables were combined with the metadata variables using the Scanpy 46 573
Python package version 1.4. We removed genes not expressed in at least 3 cells and 574 then cells that did not have at least 250 detected genes. For FACS we removed cells 575 with less than 5000 counts and for droplet cells with less than 2500 UMIs. The data 576 was then normalized using size factor normalization such that every cell has 10,000 577 counts and log transformed. We computed highly variable genes using default 578 parameters and then scaled the data to a maximum value of 10. After we computed 579 PCA, neighborhood graph and clustered the data using Louvain 6 and Leiden 7 methods. 580
The data was visualized using UMAP projection.
Step-by-step instructions to 581
reproduce the pre-processing of the data are available from GitHub. 582 583
Cell type annotation 584
To define cell types we analyzed each organ independently but combining all ages. In a 585 nutshell, we performed principal component analysis on the most variable genes between 586 cells, followed by Louvain and Leiden graph-based clustering. Next we subset the data 587 for 3m (Tabula Muris 5 ) and compute how many cell types map to each individual cluster. 588
For the clusters that we had a single 1:1 mapping (cluster:cell type) we propagate the 589 annotations for all ages; in case there is a 1:many mapping we flagged that cluster for 590 manual validation.
Step-by-step instructions to reproduce this method are available from 591
GitHub. For each cluster, we provide annotations in the controlled vocabulary of the cell 592 ontology 47 to facilitate inter-experiment comparisons. Using this method, we were able to 593 annotate automatically (~1min per tissue) over 70% of the dataset. The automatic 594 annotations were then reviewed by each of the tissue experts leading to a fully curated 595 dataset for all the cell types in Tabula Muris Senis. 596 597
Tissue cell composition analysis 598
For each tissue and age, we computed the relative proportion of each cell type. Next we 599 used scipy.stats linregress to regress the relative tissue-cell type changes against age 600 and considered significant the changes with p-value<0.05 for a hypothesis test whose null 601 hypothesis is that the slope is zero, using two-sided Wald Test with t-distribution of the 602 test statistic and a r 2 >0.5. 603 604
Differential gene expression 605
We performed differential gene expression analysis on each tissue with a well-powered 606 sample size (>100 cells in both young (1m and 3m) and old age group (18m, 21m, 24m 607 and 30m)). We use a linear model 48 treating age as a numerical variable while controlling 608 for sex. We apply a false-discovery rate (FDR) threshold of 0.01 and an age coefficient 609 threshold of 0.005 (corresponding to ~10% fold change). 610 611
In Situ RNA Hybridization and quantification. 612
In Comparison between bulk and single-cell datasets 627
The differential gene analysis was defined on a per tissue basis. First, we investigated 628 genes based on the single-cell data. We only considered cells from male animals and 629 perform our analysis on the log (1 + CPM) transformed single-cell count matrices. Note 630 that normalization of the single-cell data was done on a per cell basis. We defined two 631 group of cells based on age: young cells with age <= 3 months (Y) and old cells with age 632 > 3 months (O). For each gene we compute the log 2 fold-change of cell and read counts 633 between O and Y. We defined cell count as the fraction of cells that express the gene. 634
Similarly, we defined read count as the mean read count of the gene in the cells that 635 express it. The calculated log 2 fold-changes of a gene reflect its expression changes with 636 aging within the single-cell data. Next we analyze each gene based on the bulk data. We 637 computed the Spearman (Sp) correlation of bulk DESeq2 normalized gene expression 638 with aging. We defined two groups of genes based on the bulk data, increasing with age 639
Sp > 0.7 (U) and decreasing with age Sp < -0.7 (D). Finally, we compared the single-cell 640 data based log 2 fold-changes between the bulk data defined groups U and D. Specifically, 641
we run Wilcoxon-Mann-Whitney test in order to understand if log 2 fold-changes of cell 642 or read counts could distinguish between the two groups. We used the U statistic for 643 effect size. 644 645
T-Cell processing 646 We used TraCeR 34 version 0.5 to identify T-Cell clonal populations. We ran tracer 647 assemble with --species Mmus set. We then ran tracer summarise with -species Mmus 648
to create the final results. We used the following versions for TraCeR dependencies: 649 igblast version 1.7.0, kallisto version v0.43.1, Salmon version 0.8.2, Trinity version 650 v2.4.0, GRCm38 reference genome.
Step-by-step instructions to reproduce the 651 processing of the data are available from GitHub. 652 653 B-Cell processing 654 We used singlecell-ige 33 version eafb6d126cc2d6511faae3efbd442abd7c6dc8ef 655 (https://github.com/dcroote/singlecell-ige) to identify B-Cell clonal populations. We 656 used the default configuration settings except we set the species to mouse.
Step-by-step 657 instructions to reproduce the processing of the data are available from GitHub. 658 659
Mutation analysis 660 We used samtools 50 version 1.9 and GATK 29 version v4.1.1.0 for mutation analysis. 661 We used samtools faidx to create our index file. Then we used GATK 662
CreateSequenceDictionary and GRCm38, as the reference, to create our sequence 663 dictionary. Next we used GATK AddOrReplaceReadGroups to create a single read 664 group using parameters -RGID 4 -RGLB lib1 -RGPL illumina -RGPU unit1 -RGSM 665 20. Finally we used GATK HaplotypeCaller to call the mutations. We disabled the 666 following read filters: MappingQualityReadFilter, GoodCigarReadFilter, 667
NotSecondaryAlignmentReadFilter, MappedReadFilter, 668
MappingQualityAvailableReadFilter, NonZeroReferenceLengthAlignmentReadFilter, 669
NotDuplicateReadFilter, PassesVendorQualityCheckReadFilter, and 670
WellformedReadFilter, but kept all other default settings. The results were 671 summarized per gene in the form of a mutation count per cell table. We started by 672 removing genes mutated in over 60% of cells, to eliminate the possible bias of 673 germline mutations. Then for each tissue we selected genes expressed in at least 75% 674 of the cells for all the time points to avoid confounding the mutation results with 675 differential gene expression associated with age. Next we computed the average 676 number of mutations in the gene set (or ERCC spike-in controls) per cell and also the 677 average number of raw counts ( Supplementary Table 6 ) and plotted the different 678 distributions.
Step-by-step instructions to reproduce the processing of the data are 679 available from GitHub. 680 681
Diversity score 682
The raw FACS or droplet dataset were used as the input. We filtered genes expressed 683 in fewer than 5 cells, filtered cells if expressing fewer than 500 genes and discarded 684 cells with total number of counts less than 5000. Next we performed size factor 685 normalization such that every cell had 1e4 counts and performed a log1p 686 transformation. This was followed by clustering, where we clustered every tissue and 687 every tissue-cell type for every mouse separately using 6 different configurations: 688 resolution parameters (0.3, 0.5, 0.7) * clustering method (Louvain, Leiden). This is to 689 provide a robust clustering result. For each combination (each tissue-mouse and each 690 tissue-cell_type-mouse), we computed the clustering diversity score as the Shannon 691 entropy of the cluster assignment. We then regressed the diversity score against age to 692 detect the systematic increase/decrease of clustering diversity with respect to age. FDR 693 was used to correct for multiple comparisons. A tissue or a tissue-cell type was 694 selected if the slope was consistent (having the same sign) in all 6 clustering 695 configurations and at least 2 out of 6 clustering configurations had FDR<0.3. For each 696 selected tissue or tissue-cell type, a separate UMAP was computed using cells from all 697 mice for visualization using Leiden clustering with resolution parameter 0.7. 698 699
Code availability 700
All code used for analysis is available on GitHub (https://github.com/czbiohub/tabula-701 muris-senis) 702 703
Interactive Data Browsers 704 tabula-muris-senis.ds.czbiohub.org 705 https://tabula-maris-senis.cells.ucsc.edu 706 707 708 709
